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Fig. 1 Behavior pattern mining framework with context intensity constraints
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Table 9 Comparison of hit rate and purchase percent conversion

of recommended system

(%) (%)
50 0 0.91 1.71 0.00 0.20
50 40 3.95 4.78 0.14 0.25
50 100 5.23 5.59 0.21 0.27 7
50 180 593 6.24 0.28 0.34 Fig. 7 Purchase percent conversion rate
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Customer behavior pattern mining and change detection with context intensi—
ty constraints

JU Chun-hua' > SHUAI Zhao-gian'

1. Information College Zhejiang Gongshang University Hangzhou 310018 China;
2. Center for Studies of Modern Business Zhejiang Gongshang University Hangzhou 310018 China

Abstract: Currently many studies dedicated to context aware based recommendation considered different
types of context properties but they ignore the important degree of different context attribute impact the behav—
ior that is context strength. This paper defines the customer context context intensity and behavior chan—
ging quantitatively; presents context strength constrained pattern mining methods and change detecting method
to extract the critical situation caused by changes in behavior. The proposed algorithm increased the sensitivity
of the interests changing improvement of the massive data under support for sparse association rules the
shortcomings of low confidence sensitivity. Experiments and analysis demonstrated the feasibility and effective—
ness.

Key words: context intensity; customer behavior; constraint-based frequent patterns; interests drift detecting;

recommended strategy
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